Abstract. We present a method to track vessels in angiography [contrast filled vessels in two-dimensional (2-D) x-ray fluoroscopy]. Finding correspondence of a vessel tree from consecutive angiogram frames provides significant value in computer-aided clinical applications such as fast vessel tree segmentation, three-dimensional (3-D) vessel topology reconstruction from corresponding centerlines, cardiac motion understanding, etc. However, establishing an accurate vessel tree correspondence (vessel tree tracking) is a nontrivial problem due to nonlinear periodic cardiac and breathing motion in 2-D views, foreshortening, false bifurcations due to 3-D to 2-D projection, occlusion from other anatomies, etc. The vessel tree is represented by BSpline curves. The control points of the BSpline curves are landmarks that are the tracking targets. Our method maximizes the appearance similarity while preserving the vessel structure. A directed acyclic graph (DAG) is employed to represent the appearance and shape structure of the vessel tree: nodes from the DAG encode the appearance of the vessel tree landmarks, and the edges encode the relative locations between landmarks. The vessel tree tracking problem turns into finding the most similar tree from the DAG in the next frame, and it is solved using an efficient dynamic programming algorithm. We performed evaluations on 62 x-ray angiography sequences (above 1000 frames). Experiment results show our algorithm is robust to these challenges and delivers better performance, compared to four existing methods.
Vessel tree tracking in angiographic sequences Dong Accurate and automated tracking of vessel tree structures in angiographic sequences provides significant values in many computer-aided clinical applications in cardiac surgery planning and interventional procedures, for instance, quantitative analysis of vascular tree structure, [1] [2] [3] percutaneous coronary intervention (PCI) guidance, [4] [5] [6] heart dynamics learning from vessel motion, 7, 8 three-dimensional (3-D) vessel tree reconstruction [9] [10] [11] from tree structure of motion, etc. As shown in Fig. 1 , the vessel tree tracking problem for angiographic sequences is defined as follows: given the target vessel tree in the first frame of an angiography sequence either manually or automatically, the vessel tree structures in the remaining frames are automatically identified. To the best of our knowledge, there are very few prior literatures dealing with the vessel tree tracking problem. The vessel tree tracking problem is challenging due to large nonlinear periodic cardiac motion, vessel crossing, foreshortening, occlusion, and similar appearance along a vessel branch. Thus, traditional tracking methods developed in the computer vision domain cannot be directly applied. This work is among the first attempts to solve the problem robustly, and we validated it in a quantitative manner with 62 real clinical scenes. Vessel tree tracking in angiographic sequences has many applications, and there are great clinical values if the vessel tree structures can be tracked robustly in two-dimensional (2-D) angiography. (a) We can learn dynamic vessel tree cardiac motion model from a tracked vessel tree. Once we correlate an electrocardiography (ECG) signal with these cardiac motions, we can predict vessel motion in certain cardiac phases using ECG signal. Predicting vessel position from an ECG signal is clinically important in the PCI procedure. Usually, the PCI procedure is performed as the cardiologist injects radiopaque dyes into the coronary artery to guide the catheter. Since the radiopaque dyes are harmful, by tracking and predicting the vessels in angiographic sequences, it will reduce the injection of radiopaque dyes dramatically and have significant benefits for the patients. Note that breathing motion is included in the model learning process; however, breathing motion is a rigid transformation and can be easily compensated by detecting reference objects such as the guide-wire, which is visible in both the Cine stage and the fluoroscopic stage. (b) For 3-D vessel center-line reconstruction from 2-D views, a practical approach is to obtain the 2-D point correspondences, and 2-D vessel tracking plays an important role here. It is very difficult to match vessel tree directly since the structures look very similar, and tracking techniques can be applied to get the correspondences while the vessel structure constraints can be utilized. If the vessel tree can be robustly tracked in a rotational scan, one can do a motion compensated reconstruction of the entire vessel tree in 3-D. This can lead to a 3-D or four-dimensional angiography that has higher resolution than regular computed tomography (CT) angiography. (c) Via tracking, we can get vessel centerline segmentation as a by-product.
To overcome the above challenges, we proposed a method to model the vessel tracking problem for angiographic sequences as an optimization problem based on directed acyclic graph (DAG). The contributions of our method are fourfold. (1) To the best of our knowledge, this is the first method that can robustly track the vessels in 2-D angiographic sequences for both a single branch and a tree structure. (2) We propose a formulation of the vessel tree tracking problem for angiographic sequences using DAG optimization, which can be solved efficiently by dynamic programming. (3) The tracking algorithm only requires historical and current frames as the input, and it can process the data at a speed of two frames per second, which is sufficient for most of the clinical applications mentioned above. (4) We have collected and annotated 62 angiographic sequences, consisting of about 1000 frames. We compared our method with four competing tracking methods [i.e., SNAKE, 12 Struck, 13 tracking-learningdetection (TLD), 14 and structure preserving object tracking (SPOT) 15 ] qualitatively and quantitatively and showed significant improvements.
Following the introduction, we introduce some related works of vessel tree tracking for angiographic sequences in Sec. 2. We present details of our method in Sec. 3; qualitative and quantitative results on 62 clinical sequences in Sec. 4; and the conclusion in Sec. 5.
Related Works
Only a few papers that deal with tracking of 2-D vessels in the angiographic sequences have been published. None of the existing methods directly targets 2-D vessel tree tracking. In this section, we review relevant state-of-the-art tracking techniques in the fields of 2-D vessel branch tracking, 3-D vessel tracking, and general object tracking.
For 2-D vessel tracking, there are some related methods that have the potential to be applied to single vessel tracking (e.g., SNAKE) 16 or vessel tree tracking (e.g., Junction landmark).
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Active contour models such as SNAKE 12, 16, 18, 19 and enhanced SNAKEs 20, 21 are very insightful methods for capturing the deformation of objects, and they minimize the internal energy (shape smoothness) and external energy (image appearance) to track objects. However, SNAKE-based methods can only track single curvatures and must have an initial proximity to the target. Heibel et al. 22 proposed modeling BSpline-based curvatures as a Markov random field for interventional-wire tracking, which has a very elegant formulation. In Refs. 23 and 24, the authors proposed new methods to track a single curvilinear structure (guide-wire). These methods can only track single curvatures that do not have as much deformations as vessel trees have. A combined vessel extraction and tracking method to track single vessels was proposed in Ref. 18 , which can be applied for 3-D vessel reconstruction; however, this method only handles a single vessel and highly relies on the vessel extraction. Junction landmark-based tracking methods such as Refs. 17 and 25 can track bifurcations of vessel trees effectively and are also very useful in some clinical practices. However, these methods are not suitable for single vessel branch tracking, and they are unable to track curved structures. They can only track bifurcations, so a long vessel is very difficult to be tracked if it does not have enough bifurcations. Additionally, they do not have a mechanism to effectively interpolate the structures between the bifurcations, and therefore, cannot track the vessel body well. Optical flowbased methods 26, 27 were also employed to track the principal coronary arteries; however, in angiographic sequences, the frames do not have enough contrast, and the thin vessel structures (not just principal coronary arteries) are difficult to capture by optical flow, especially when they are undergoing large motion.
In contrast, there are many 3-D vessel tracking methods. 28, 29 They cannot be applied to 2-D vessel tracking since 3-D voxel features are much richer and more discriminative, but these methods are very insightful. In Refs. 28 and 29, a registration framework in which the vessel centerline model deforms in an external potential field of a multiscale analysis response map was formulated. A two-step vessel extraction and nonrigid template matching method was proposed in Ref. 30 with 3-D cardiac CT data. In Ref. 31 , the coronary trees were first extracted and related by a point-based matching algorithm with feature landmarks constraint and then applied to match the 3-D extracted centerlines. For general object tracking across image sequences, optical flow 32 plays an important role. Optical flow calculation can be very fast and integrated into the real-time tracking system. 33 It can be integrated 34 into the active contour tracking framework. Furthermore, Gaussian mixture models can be used to improve the optical flow-based tracking. 35 Another important direction for object tracking across image sequences is feature design and fusion. A collaborative feature fusion model using both holistic templates and local representations is proposed. 36 In addition, sparse prototypes 37 are employed to exploit both classic principal component analysis algorithms with recent sparse representation schemes for learning effective appearance models. Intuitively, structural cues 15 of the objects are also important for object tracking. More recently, many multiple object tracking techniques 14, 15 have been introduced; they are potentially very useful for vessel tracking since vessel trees can be models as deformable multiple object structures that consist of landmarks. The state-of-the-art trackers have never been evaluated for vessel tree tracking problems; such trackers include the SPOT, 15 which uses an online structural support vector machine (SVM) incorporating structural constraints from multiple objects (landmarks), the Struck tracker 13 using a kernelized structural SVM, and the TLD tracker.
14 The reconstruction of tree-like 38 and curvilinear 39, 40 structures are also related to our work.
Method 3.1 Problem Formulation
Figure 2 shows components and problem formulation of our proposed method. In our work, "vessel tree" is a collection of vessel branches connected without simple cycles. Note that a single vessel branch is considered a degenerated case of the vessel tree. We model the vessel tree using BSpline curves controlled by the landmarks [ Fig. 2(a) , left image]. The vessel tree in frame f is represented mathematically by a directed tree
Lg is the set of landmarks, L is the number of landmarks, and
f Þg is the set of directed edges depicting child-parent relationship for the landmarks.
Given the vessel tree T f−1 in frame f − 1, the tracking problem becomes finding the vessel tree T f in frame f. A directed acyclic weighted graph G f ¼ ðV f ; E f ; W f Þ is built to solve this problem, where V f , E f , and W f denote the "hypothesis nodes," "hypothesis edges," and "hypothesis weights," respectively. N hypothesis nodes V (1) is a combination of the unary weights (for the nodes) and binary weights (for the edges). For an optimal tracking of the vessel tree to the next frame, we want to maximize the combined unary and binary weights. The tracked vessel tree (optimal solution) is E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 6 3 ; 7 5 2 T Ã f ¼ arg max
Hypotheses Generation
In this section, we describe how we automatically generate the hypothesis nodes for the landmarks in the subsequent image. We combine a local intensity similarity constraint, a Frangi vesselness constraint, and a Gaussian location constraint to generate the hypothesis nodes. The ideas behind these constraints are: in the new frame, vessel landmarks can only occur at vessel region (Frangi vesselness constraint) with similar intensity appearance (intensity similarity: template matching) as on the previous frame; in addition, we assume a prior Gaussian motion model, and we thus force a Gaussian locality constraint. Hypotheses for landmark n i f in frame f are generated by sampling from a likelihood map U i f . We model U i f as a fusion of local intensity similarity C i f , Frangi vesselness response R f , 41 and location constraint Q i f E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 3 ; 6 3 ;
where λ C , λ R , and λ Q are the fusion weights, respectively. The intensity-based similarity map C i f in frame f is generated using normalized cross correlation with a patch around n i f−1 . To constrain location for temporal smoothness, we model Q i f as a zero mean Gaussian at n i f−1 . We use both global and local (eightneighborhood) maxima in U i f to generate the hypotheses. Figure 3 shows the score map fusion and hypotheses generation for a landmark. In the score map, since all the pixels near the global maximum have large values, the correct hypothesis can be in these neighboring pixels rather than the single global maximum, with the consideration of the binary weights. Therefore, we randomly sample some hypotheses near the global maximum from the score map.
Unary and Binary Scores
The unary score assigned v 
B f ðv
where k · k is L2 norm and ∠ð·; ·Þ is the angle (∈ ½0; π) between two vectors. For two adjacent hypotheses, Eq. (4) assigns larger value to the edge if their relative distance and direction are similar to the corresponding landmarks.
Optimal Solution
We solve Eq. (2) 
d f ðk; iÞ can be obtained recursively. The computational complexity of the algorithm is OðLNÞ. The optimal solution is then obtained by backtracking with a complexity OðLÞ. Therefore, the overall time complexity is linear with respect to the number of nodes in the graph. To optimize Eq. (1), we make sure that the selected hypotheses look very similar to the landmarks in the previous frame and that they satisfy the spatial constraints between the landmarks.
Experiments

Datasets
We have collected two groups of datasets to evaluate the proposed method. All the angiographic sequences were annotated frame by frame by an expert.
1. The vessel tree dataset is collected for evaluation of the complex vessel tree tracking task, which includes 15 2-D angiographic sequences. Each angiographic sequence contains a vessel tree with at least two branches, which are visible in 23 frames, on average. The frame size is 512 × 512 pixels, and the average pixel size is 0.29 mm (min: 0.216 mm and max:
(a) (b) (c) 0.368 mm). The frame rates for these angiographic sequences are all 8 frames∕s.
2. The single branch dataset is collected for evaluation of robust vessel branch tracking task in which 47 2-D angiographic sequences obtained during PCI procedures are included. The target vessel branches on which PCI is going to be performed are visible in 24 frames on average. The frame size is either 512 × 512 or 600 × 600 pixels with average pixel size of 0.25 mm (min: 0.184 mm and max: 0.368 mm). The frame rates for these angiographic sequences are all 8 frames∕s.
Annotations: We asked an expert to annotate landmarks for vessel tree structures in each frame, and at least five landmarks per vessel branch must be given. We interpolate the landmark locations by BSpline and use these points as the ground truth.
Experimental Setup
The vessel tree in the first frame can be manually annotated or automatically detected. [43] [44] [45] In our experiments, we use the landmark annotations in the first frame of each sequence as an initialization and track them throughout the rest of the frames. Typically, we annotate around five landmarks for each vessel branch. Note that the first frame of each sequence is excluded from evaluations.
Evaluation metric: Similar to Ref. 24 , a quantitative error index is utilized E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 6 ; 6 3 ; 4 2 9 d e ¼ dðG; RÞ þ dðR; GÞ 2.0 ;
where dðX; YÞ is an average shortest distance of the points in set X to points in set Y, R is the tracking result, and G is the ground truth for the points on the vessel tree after interpolation between landmarks.
Results
We compared our method to four state-of-the-art tracking methods: SNAKE-based curvature tracking method, 12 Struck, 13 TLD, 14 and SPOT. 15 The reasons we selected these four methods as comparisons are as follows. SNAKE 12 is good at tracking deformable structures (e.g., curves, organs) and it is intuitive to employ it for 2-D vessel tracking. Since the vessel structure can be models by landmarks, it is natural to consider the problem as a multiple object tracking problem, and we employ Struck 13 as one of the best methods 46 for this task. We also want to see the performance if we track each landmark separately, so we employ TLD 14 as one of the best single object tracking methods as a comparison. As we mentioned, the structural cues of the vessel trees are important for accurate tracking; we compare with SPOT 15 since it takes advantage of the structural cues explicitly to improve the tracking performance. Tracking performances averaged over all sequences in each dataset are summarized in Tables 1 and 2 for all approaches. A student's t-test at a significance level of 0.05 indicates that our tracking algorithm significantly outperformed compared methods (p-values ≪0.001). Figure 4 shows qualitative results for all evaluated methods, and we show detailed results for the proposed method in Fig. 5 .
Discussions
From the results in Tables 1 and 2 , we can see that the proposed method outperforms the state-of-the-art tracking methods with a large margin. In Fig. 4 , our method gives visually very similar results compared to the ground truth. Note that, by incorporating structural constraints, the tracking performance is significantly improved, which can be seen from the comparisons between "ours" and "w/o shape" in Fig. 4 . For single branch tracking (last two columns in Fig. 4 ), the performances with structural constraints are slightly better, and, for the vessel tree tracking (first three columns in Fig. 4) , it performs significantly better than without the constraints, which is very intuitive since vessel trees have more structural information than a single branch. Struck 13 performs the best in the comparisons; it can roughly track the vessel trees but cannot adjust to the deformation accurately; however, the spatial relationships between the landmarks 12 and SPOT, 15 respectively. Angiographic sequences 1 to 3 are from the vessel tree dataset while the other two are from the single branch dataset.
are not tracked very well. This is intuitive since Struct 13 is not good at modeling the structural constraints but is rather good at multiple object tracking. For TLD, 14 the performance differs a lot from landmark to landmark. Since it is a single object tracking method, for some of the landmarks that are easy for tracking, TLD can perform well; however, for some harder landmarks, it totally failed. This phenomenon is straightforward since the tracking for each landmark is independent. SNAKE 12 cannot track the vessels correctly due to the low contrast and rapid motion of the vessel trees. SPOT 15 can track the vessel trees with relatively small error since it also takes advantage of the structural information; however, it failed in the single branch tracking since there are less structural constraints for such branches.
Limitations
There are two limitations of the proposed method.
(1) The speed is 2 frames∕s, which prohibits it from some real-time tracking applications (e.g., PCI). It can be sped up by a graphics processing unit (GPU) implementation. (2) Currently, it is using the manual annotation of the first frame as an initialization for tracking, and fully automatic initialization [43] [44] [45] would be highly preferable in some of the clinical applications. We will improve the system by incorporating these techniques.
Implementation Details
The experiments were performed on a Windows PC with a four-core 3.7 GHz Xeon central processing unit (CPU). The number of hypotheses is a trade-off between accuracy and efficiency, and we generated N ¼ 100 hypotheses for each landmark. For the parameters in Eqs. (1) and (3), we set λ
We used w ¼ 151 ðpixelsÞ as the window size, and 0.5w as the standard deviation of the Gaussian functions. We performed some experiments to choose the parameters mentioned above. We found that the results are not very sensitive to the hypothesis node sampling process, and the parameters in Eqs. (1) and (3) do not have a big impact on the results if enough hypotheses are generated.
For the comparisons, the binary scores in the DAG are set to 0 for w/o shape experiments. For fair comparisons, we adapted the four methods (TLD, SNAKE, SPOT, Struck, all of them are open source) to our vessel tracking problem.
The proposed method runs at a speed of 2 frames∕s. Currently the speed is enough for our applications, and if necessary, the frame rate can be significantly improved by a GPU implementation. The computational bottleneck is the hypotheses generation, which takes <95% of the CPU time. The hypothesis generation is a highly parallelable process since the hypotheses are independent from each other, which leads a potential 20 to 100 times faster GPU implementation, which is 40 to 200 frames∕s.
Conclusion
In this paper, we proposed a method to track vessel tree and single vessel branch in 2-D x-ray angiographic sequences. By fully utilizing appearance and structural constraints and finding a globally optimal solution for the proposed energy function, our method greatly outperformed four state-of-the-art tracking algorithms. Not only are we among the first to attempt to solve this problem, our result is robust and validated using clinical datasets. Many other clinical relevant applications can potentially benefit from our result. The underlying technologies from our methods are not limited to vessel tracking and can easily be generalized to track other wire-like structures (e.g., guide-wire) with different energy functions.
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